Abstract-This letter proposes a novel Gaussian mixture modelbased ensemble Kalman filter approach to the accurate calibration of the parameters of machine dynamic models. This approach aims to overcome some practical challenges affecting parameter calibration accuracy. Results show the proposed approach can provide precise calibrated parameters even when the machine operates under unbalanced network conditions with nonGaussian measurement noises.
expressions in d-q coordinates are based on the assumption that system operates under sinusoidal balanced conditions. However, the PMU measurements used for parameter calibration are usually acquired during transient events when the networks are mostly unbalanced [7] . Second, the EnKF algorithm is based on the assumption that system and measurement noises can be approximated by the Gaussian distribution. However in the real would, noises are mostly non-Gaussian [8] . Analytic and experimental results suggest the EnKF is sensitive to the violation of the Gaussian assumption, thus the parameter calibration results could be inaccurate [9] .
In this letter, we propose a Gaussian mixture model-based EnKF (GMM-EnKF) approach to calibrate the machine parameters. We also suggest use a generalized machine model to handle system unbalance. Results show the proposed approach maintains high accuracy even when the machine operates under unbalanced network conditions and the measurement noises are non-Gaussian.
II. PROPOSED APPROACH
To overcome the two aforementioned practical challenges for machine parameter calibration, we first use similar methods in [10] to transform the classical machine models into a generalized format that works for both balanced and unbalanced conditions. Then a novel GMM-EnKF approach is proposed to handle the non-Gaussian measurement noises.
A. Generalized Machine Model in Positive and Negative d-q Reference Frames
The generalized machine model is achieved by transforming the classical model
into both positive (dq) + and negative (dq) − synchronous reference frames, where x is the states, u is the inputs, and k is the step number. The corresponding synchronous speeds for the two frames are ω s and −ω s . The two reference frames rotate with an difference of 2ω s as,
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applied to the states and measurements by expressing them as positive-and negative-sequence components in their corresponding reference frames,
where the subscripts + and − refer to the positive-and negativesequence components, and the superscripts + and − refer to the positive (dq) + and negative (dq) − reference frames. The next step is to keep only positive-sequence components in the positive (dq) + reference frame and the negative-sequence components in the negative (dq) − reference frame, by leveraging the Equation (2). The states and measurements can be further expressed using their positive-and negative-sequence components in the respective reference frames as
Therefore, the classical machine model could be transformed to a generalized model that consists of both positive-and negative-equations as
subject to the relationship in Equation (4) and (5). Remark 1: The generalized machine model can be applied to both the balanced and unbalanced network, and note that only the positive-sequence components exist when the network is balanced.
B. GMM-EnKF Parameter Calibration Approach
Given the generalized machine model, the fundamental idea of the proposed GMM-EnKF approach is to include the objective model parameter β into a DSE process,
where z is the measurements, x is the states with subscript dq neglected and υ, are the process and observation noises. For simplicity of description, remove the superscript +, − and define an expanded vector of state y = [x, β] , and the machine model and measurement equations are rewritten as
The GMM-EnKF approach uses ensembles to represent and propagate the distribution of states. At each time step k, ensembles are drawn to represent the distribution of state y by an n × N matrix with the form of Y = [y 1 , . . . , y N ], where n is the dimension of the state vector y, and N is the number of ensembles.
The GMM-EnKF approach can be summarized using an iterative prediction-correction process as described below:
Prediction: The n × N ensembles of states are first forwarded through the generalized machine model (9)-(10) to obtain the predicted states y p k and measurements z p k ,
Then the probability distribution function of the n × N states y p k is treated as a Gaussian mixture model (GMM) [11] with a weighted sum of M component Gaussian densities,
where ξ i are the mixture weights and N (y p |μ i , Σ i ) are the component Gaussian densities,
with mean vector μ i and covariance matrix Σ i . The mixture weight satisfy the constraint that
. . , M can be estimated using the Expectation-Maximization or Maximum A Posteriori algorithm.
Correction: The error matrix of the predicted state and measurement ensembles are computed for each Gaussian distribu-
The cross-covariance matrices of the state ensemble and measurement ensembles for each Gaussian distribution component i ∈ [1, M] are then computed as
With the above two covariance matrices, the Kalman gain 
Because the Gaussian components are acting together to model the overall feature density, after all the posterior states for each Gaussian distribution component i ∈ [1, M] are updated, 
III. TEST RESULTS
To validate the effectiveness of the GMM-EnKF approach, a 2 MW doubly fed induction machine (DFIM) is used to calibrate the inertia constant H. The DFIM operates under unbalanced network conditions where the phase A voltage is 3% smaller than the other two phases. At time 0.5 s, a temporary phasephase fault occurs on phase B and C, and the fault is cleared two cycles later, as shown in Fig. 1 . The measurement noise is 5%, non-Gaussian.
Both the proposed GMM-EnKF approach and the regular EnKF approach in [5] were used to calibrate the machine inertia constant H. The true value of inertia constant H is 1.1 s, and the initial guess error of H is 30%. The results are presented in Fig. 2 . The calibrated value of inertia constant H by the proposed GMM-EnKF approach is 1.09 s. The mismatch is about 0.91%, so it is very accurate. In contrast, the regular EnKF gives a calibrated value of 1.022 s with a mismatch of 7.09%; the accuracy is much lower than using the GMM-EnKF approach.
Remark 2: the proposed GMM-EnKF approach is very fast as the calibration process finishes in few seconds. It can be used for online periodic parameter calibrations. The accurate results will contribute to better transient control performance and more accurate protective relay settings.
IV. CONCLUSION
This letter aims to resolve some practical challenges in DSEbased parameter calibration methods for machine models. We suggest use of the generalized models in positive and negative synchronous reference frames to accommodate the influence of network unbalances. The non-Gaussian noises were handled by using the GMM distribution coupled with the EnKF method. The proposed method is so fast that it can be used for online periodic parameter calibrations. Test results validate that the proposed GMM-EnKF approach can provide high accuracy calibrated parameters under conditions of unbalanced network and nonGaussian noises.
